Abstract This study investigated the relationships between sunflower yield and crop multi-temporal spectral data obtained from aerial photographs, land elevation and the presence of Ridolfia segetum weed. Conventional-color and color-infrared airborne photographs were taken at three dates corresponding to the vegetative, flowering and senescent crop stages. Descriptive and statistical methods were applied to every spatial variable to extract the influence of each component on the sunflower yield variability. Principal components and regression models were used to explore the potential of the multi-spectral variables from the airborne photographs to predict the sunflower yield map at every studied date. Higher sunflower yield was found in areas with lower elevation. These areas were also predominantly free of weed infestation. The Normalized Difference Vegetation Index derived from the image taken at crop vegetative stage was strongly correlated to crop yield. A very poor correlation was detected between the sunflower yield and all the multi-spectral variables studied in the flowering and the senescence crop stages. A map with three zones of yield was predicted with 67.81% of overall accuracy using the stepwise-model equation formed by the green and red bands and the two vegetation indices obtained at vegetative crop stage. The selected multi-spectral data taken in early season (mid-May), plus the additional knowledge of weed presence and field elevation, could provide valuable spatial information to estimate the yield crop variability in the studied fields. This estimation might aid in the development of adequate spatially variable management strategies in the months prior to the sunflower harvest.
Introduction
Crop yield varies spatially within the field due to multiple factors, including soil properties (Pozdnyakova et al. 2002) , water availability, disease, weed or insect pressure, crop management practices (Plant 2001 ) and land elevation (Pilesjö et al. 2005) . However, determination of the relative influence of each factor on the crop production is ambiguous and yield maps could be an important data source for studying field variability. In recent years, adoption of harvester-mounted crop yield monitoring systems are being gradually implemented in highly variable farm conditions to improve overall field management in the context of precision agriculture (Zhang et al. 2002) .
Sunflower is an important dryland crop in Andalusia (southern Spain) with over 240 000 ha grown annually (MAPA 2006) . Ridolfia segetum Moris (corn caraway) is an umbelliferous weed, which is widespread and competitive with sunflower. R. segetum infestations are estimated to occur in 25% of the sunflower fields in the Andalusia region (Peña-Barragán et al. 2007) , resulting in an average crop yield reduction of approximately 32%, when infestation is two R. segetum plants m -2 (Carranza et al. 1995) . Sunflower yield variability has been associated with other factors such as ground cover, soil shallowness, phosphorus availability, initial water content and diseases (Mercau et al. 2001) .
Yield variability predictions during the crop development stage could facilitate the application of remedial measures by farmers to reduce yield loss prior to harvest. Remote sensing can provide such geo-referenced information in a time-and cost-effective manner (Chang et al. 2003; Yang et al. 2006) . Nowadays, hyper-spectral imagery has been presented as a successful technology for agricultural studies, since such data offers high spectral resolution images with very narrow bands. However, hyper-spectral imagery is not easily available in most regions and the method is relatively expensive; therefore, multispectral airborne imagery could be more cost effective in most cases. Some multi-spectral bands and vegetation indices from the visible and near-infrared (NIR) spectral intervals are sensitive to variables related to plant development and crop yield, such as vegetation greenness, pigment absorption, plant canopy or background soil reflectance (Zarco-Tejada et al. 2005) . The well-known Normalized Difference Vegetation Index (NDVI; Rouse et al. 1973 ) and the Normalized Difference Yellowness Index (NDYI) have been related to weed infestation and yield or crop status in wheat , cotton (Gossypium hirsutum L.) (Zarco-Tejada et al. 2005) , soybean (Basso et al. 2001) , sorghum (Yang and Everitt 2002) , and cranberry (Pozdnyakova et al. 2002) . NDVI is based on the comparison of the NIR and red bands, and this difference is related to the stress condition of vegetation and background soil properties. The NDVI varies from values between 0.30 and 1.00 for healthy vegetation, between 0.10 and 0.30 for unhealthy or sparse vegetation and close to zero to -1.00 for bare soil and other covers without vegetation (Jackson and Huete 1991) . NDYI detects the differences between the red and green wavelengths, and reveals the color changes in the measured cover from greenness (negative values), yellowness (values close to zero) and brownness (positive values) .
A key concern in remote sensing is to quantify the coincidence between the estimated map and the ground-truth map. To avoid any subjective estimation, a numerical confusion matrix analysis is normally used, which determines the accuracy of the method by comparing the percentage of classified pixels of each class with the verified ground truth class, and indicates the correct assessment and errors between the classes studied (Congalton 1991) . The confusion matrix provides the overall accuracy of the classification, which is the percentage of correctly classified pixels (dividing the number of correct pixels by all of the pixels in the image), the producer's accuracy (dividing the number of correct pixels in each class by the total number of pixels as derived from the ground-truth data) and the user's accuracy (dividing the correctly classified pixels in each class by the total number of pixels that were classified in the class considered). Furthermore, the accuracy of individual classes is calculated in a similar manner (Foody 2002) .
In many studies, time series of data were evaluated in order to determine which crop stage is most suitable for yield estimation (Yang et al. 2006; Zhao et al. 2007 ). Multivariable statistical analysis is generally used to examine the relationships between variables. Principal component analysis reduces the redundant information and extracts the influence or weight of each variable in the dataset. Chang et al. (2003) concluded that models based on a combination of sampling dates generally explain yield variability better than models based on a single date. Nevertheless, models should be simplified to the best date for yield predictions in order to minimize the cost of the image acquisitions.
In a parallel research study, Gutiérrez-Peña et al. (2008) explored the potential of seven different neural network algorithms for predicting sunflower yield using weed presence, field elevation and vegetation reflectance at an early crop stage as input variables. Here we studied three different dates in the crop cycle and also the influence of weed infestation and field elevation on sunflower yield. The specific aims of this paper were: (1) to assess the relationships of sunflower yield to multi-spectral data and spectral vegetation indices derived from color and infrared aerial photographs taken at three different crop development stages (multi-date study), land elevation and R. segetum weed presence; and (2) to assess the accuracy of the estimated yield maps.
Materials and methods
The study was conducted in 2003 in two adjacent fields belonging to the Matabueyes farm, located near Córdoba (Andalusia, southern Spain, coordinates 4°48 0 10.17 00 W, 37848 0 14.60 00 N, datum WGS84). Field 1 is 13.11 ha in size and Field 2 is 15.60 ha. R. segetum seeds naturally infested both fields and the soil was classified as Typic Chromoxerert (USDA-NRCS 1998). The sunflower seeds of cv. Jalisco were planted on March 14th, at 4 kg ha -1 , in rows 0.7 m apart. The fields were farmer-managed using shallow tillage production methods. Glyphosphate (isopropylamine salt, 360 g a.i. l ) was applied at crop pre-emergence for general weed control at 180 g a.i. ha . At this rate, glyphosphate had no effect on R. segetum emergence or development.
Aerial photography
Conventional-color (CC) and color-infrared (CIR) aerial photographs were collected in mid-May, mid-June and mid-July at three different phenological stages of sunflower : vegetative phase (from the emergence stage to the early reproductive stage); flowering phase (plants were yellowing and at the largest size); and senescence phase (plants were desiccated and brown). CIR photography was not taken at mid-June due to technical problems. A turbo-prop twin-engine plane CESSNA 402 was used to take all images on cloudless days between 12 and 14 h standard time. The camera was a RMK TOP 15, with a Zeiss objective and a focal distance of 153.761 mm. Kodak Aerocolor III 244 and Kodak Aerochrome S0734 films were used for CC and CIR photographs, respectively. Both films were interchanged during the flight, so that the photographs were taken in two consecutive airplane passes. The average flight height was 1,525 m above the land in order to obtain photographs at an average scale of 1:10,000. CC photographs corresponded to the blue (B, 400-500 nm), green (G, 500-600 nm) and red (R, 600-700 nm) broadbands of the electromagnetic spectrum, and the CIR photographs corresponded to the green, red and near-infrared (NIR, 700-900 nm) bands.
Selected photographs were digitized using the AGFA Horizon A3 scanner, at a resolution size of 25 dots per mm. The scanner produced digital images in 8-bit true color in which every pixel showed RGB digital values within the range of 0-255. The brightness and contrast were not adjusted on the digitized images and the raw digital values responded to the total light reflected from the scene (Flowers et al. 2003) . Therefore, the raw digital values are valid for statistical analyses between the images and yield data and were not converted to reflectance values in this study (Yang et al. 2001) . Next, the images were ortho-rectified to the Universal Transverse Mercator co-ordinate system (zone 30 North), European 1950 (Spain/Portugal) datum, and re-sampled to obtain pixels of 0.5 9 0.5 m of ground area using a cubic convolution interpolation algorithm. In the ortho process, the focal length and eight fiducial marks of the calibration report of the camera were used to build the interior orientation to achieve a root mean square error (RMSE) of each image of less than 0.5. The exterior orientation was built using the Digital Elevation Model of the field and more than 40 ground control points taken with the sub-meter DGPS TRIMBLE PRO-XRS receiver (Trimble Navigation Limited, Sunnyvale, California, USA).
The four bands of blue, green, red and near-infrared, and the indices NDVI (Fig. 1a, b ) and NDYI were interpreted as follows for the three dates:
The elevation maps of the fields were obtained from the digital elevation model of Andalusia with spatial resolution of 10 m (Andalusian Government 2005). The altitude varied from 115 to 147 m in the studied site ( Fig. 1c, d ).
Weed map
The R. segetum weed-map was generated from the analysis of the mid-June image, applying the Spectral Angle Mapper classification method (Kruse et al. 1993 ) and a median-filter. The weed map had two classes: R. segetum infested patches (minimum density of one R. segetum plant per pixel) and R. segetum-free areas (Fig. 1e , f). The weed map was validated with a ground-truth dataset of 550 geo-referenced points for every cover-class taken in a random sampling. The software ENVI 4.2 (Research System Inc., Boulder, Colorado, USA) was used to manage and classify the images. More information and details about the generation and validation of the weed map is available in Peña-Barragán et al. (2007) .
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The fields were harvested on August 8th using the MF34 combine (Massey Ferguson Ò , AGCO Corporation, Duluth, GA, USA), equipped with a differentially-corrected global positioning system receiver and a yield monitor with the Fieldstar Ò system (AGCO Corporation), which simultaneously recorded yield, moisture and position data. The yield and moisture sensors were calibrated and adapted to the sunflower crop following the technical manual of the combine. At the beginning of the harvest season, the yield monitor was calibrated using at least five calibration loads collected under several operating speeds and flow rates to ensure data accuracy.
The swath of the combine was 8.4 m and the average sampling interval was 20 m, therefore every yield measure represented a field area of 168 m 2 on average. The yield dataset used was a total of 780 measures for field 1 and 930 measures for field 2, with observations ranging from 0.30 to 2.30 t ha -1
. The raw yield data acquired by the combine were filtered to eliminate the outside and anomalous points with very extreme values (negative, zero, or very high) that generally corresponded to inside ways or badlands without seeding (Blackmore 2000) . The ordinary kriging method was performed on a regular grid of 0.5 m using the WINGSLIB software (Geostatistical Software Library and User's Guide, Oxford University Press) and the contour yield maps of both fields were then generated using the SURFER software (Golden software, Inc., Golden, Colorado, USA), based on every kriged value. Next, the yield-maps were clustered into six zones (t ha 
Data analysis
The spatial data, images and maps (GPS points, weed-map, DEM, aerial images and yield maps) of each field were all matched to the same co-ordinate system and datum (previously indicated). After that, the images and maps were linked and saved as two unique multiband files for field 1 and field 2, using the software ENVI 4.2. The yield data were overlaid on the corresponding multi-band file in order to extract the spatial information from all the studied points. The spatial information of both fields was exported to the software STATGRAPHICS Plus 5.1 (StatPoint Technologies, Inc., Warrenton, VA, USA) to perform statistical analysis. Every component (weed infestation, field elevation and multispectral data) was separately compared with each yield zone in both fields, as a way to explore their single effect on yield. Next, multi-spectral data from field 1 was also used for creating models to predict yield at every studied date and dataset from field 2 was then used to validate the results. The detailed procedure for the data analysis was:
1. The effect of the R. segetum infestation on the crop yield was estimated by calculating:
(a) the average yield for both infested and non-infested areas and, (b) the percentage of weed-infested pixels in the six defined yield zones. 2. The variation of multi-spectral (bands and vegetation indices) data at the three studied dates with yield was evaluated by performing a least significant difference (LSD) test at p B 0.01 through a one-way analysis of variance (ANOVA). Ordinary least squares regression (OLSR) analysis was also computed to spectral data and to field elevation and the Pearson's correlation coefficients were calculated. The weed-infested pixels were not considered in this analysis in order to minimize the influence of the weed infestation. 3. The stepwise regression (SR) and principal component analysis (PCA) of the multispectral dataset from field 1 for the three studied dates were also performed to reduce multi-collinearity between independent variables (Ping et al. 2004) and to determine the combined relationship of all the spectral variables on yield. The correlation matrix was used to calculate the eigenvalues and the eigenvectors for the PCA. The combinations of bands and vegetation indices extracted from the PCA were used to calculate the principal components regression (PCR) models to predict the sunflower yield. 4. The OLSR, PCR and SR models were compared and the best-fitting model to yield in field 1 was then applied to all the pixels of field 2 in order to estimate a yield map and validate the model. This estimated yield map was then separately classified into six, four, three and two yield zones, and compared to the original yield map (data collected by the combine harvester) that was also clustered into the same number of zones, respectively. The confusion matrix method was used to assess the classification accuracies that were affected by the number of yield zones under consideration.
Results and discussion
Weed infestation compared to yield
The presence of R. segetum according to each yield zone (Fig. 1g, h ) and its influence on the reduction in the total yield is shown in Fig. 2 . Figure 2a shows that weed infestation diminished as yield increased in field 1. In field 2, weed presence severely diminished from 25% infested area in the medium-high-yield zone to 5% in the highest yield zone. Averaging both fields, R. segetum infested between 15 and 20% of the area that produced the lowest yields, 14% of the medium yield zone and 3% in the highest yield zone. These results show that weed presence progressively diminished from low yield to very high yield zones. The very high yield zone was mostly free of weed infestation. Figure 2b shows the reduction of the total crop yield affected by the weed infestation. In field 1, the average crop yield was 1.46 t ha -1 in the weed-free areas and 1.34 t ha -1 in the weed-infested areas. The yield reduction was less in field 2, from 1.26 to 1.22 t ha -1 . Averaging both fields, the yield was 1.37 t ha -1 in the non-infested areas and diminished to 1.27 t ha -1 in the areas with R. segetum infestation.
Multi-spectral data compared to yield Averaged bands and vegetation indices data from both fields as affected by six yield zones and crop development stages are shown in Table 1 . Red band and NDVI at vegetative crop stage (mid-May) were significantly different in the six yield zones. Furthermore, the mean values of NDVI were negative in the three lowest yield zones and positive in the three highest ones and these values increased as the yield increased. In comparison, blue and green bands were not significantly different in the two lowest yield zones and, similarly, NIR was not significantly different in the medium and high yield zones. NDYI was only significantly different in the four highest yield zones, with positive mean values, and was very similar for the three lowest yield zones and negative for the three highest ones. At the flowering crop stage (mid-June), there were significant differences in blue and green bands as well as in NDYI among yield zones. At this date, the mean values of NDYI ranged from -0.02 to -0.17 and were inversely correlated to the increase in yield. No significant differences were found for mid-July between yield and any bands or vegetation indices; NDYI and NDVI mean values were positive and similar in all the yield zones. Table 2 shows the correlation matrix between sunflower yield, field elevation and multispectral variables. Among the three studied dates, the highest correlations between the sunflower yield and the multi-spectral data were obtained at the vegetative stage (midMay), while the correlations were moderate or poor at the flowering (mid-June) and the senescence (mid-July) stages. NDVI yielded the best correlation (r = 0.60) at mid-May, followed by the red band (r = -0.51) and green band (r = -0.43), while NDYI had the lowest correlation at this date (r = -0.29). NDYI was moderately correlated with the sunflower yield (r = -0.14) at mid-June, with lower correlations for the spectral variables (NDVI for this date could not be studied, as mentioned in the material and methods section). Spectral variables were very poorly correlated with the sunflower yield at midJuly. Our results showed that the best correlation among multi-spectral data and crop yield was at the earlier season (mid-May). At this date, factors that affect the crop emergence and development, such as establishment pattern, sowing errors, air conditions (temperature and relative humidity), rainfall and soil humidity (Barros et al. 2004; Botella-Miralles et al. 1997; Fereres et al. 1983 ) produced heterogeneous areas within the fields that might be more feasibly detected by the airborne imagery at this initial phase of crop development than later. Areas with vigorously growing vegetation typically show a higher reflectance in NIR than in the visible regions (Pinter et al. 2003) , resulting in high NDVI values which, at mid-May, mostly corresponded to high-yielding zones. In comparison, deficient areas with less crop development and greater presence of bare soil demonstrated lower NDVI values and revealed lower yield. At mid-June, spectral differences from visible bands were poorly correlated to yield. At this date, sunflower crop had established a closed canopy and completely covered the soil, so spectral response was then generally less affected by background soil. Factors that impact on reflectance of the plant canopy such as nutrient availability or crop phenology (Mercau et al. 2001; Peña-Barragán et al. 2006 ) may have a lower influence on yield variability. Nevertheless, NIR band and, consequently, NDVI were not obtained due to technical problems for this date and, therefore, further studies need to be conducted to determine whether this band would be more or less effective at predicting yield in the closed canopy situation. When the data acquisition was at mid-July, near to harvest time, all plants were senescent and biomass had diminished; therefore, bare soil was visible again. At this date, spectral responses of vegetation cover and soil background were very similar ) and airborne imagery data did not reveal any tendency towards estimating yield differences.
NDVI is sensitive to vegetation properties, such as percentage of vegetative cover and green leaf area index (Moriondo et al. 2007) , which have been related to changes in canopy vigor and color, even in the presence of pixel heterogeneity (Myneni and Williams 1994) . These vegetation properties and the effects of soil background were of a wider range at mid-May than at mid-June and mid-July, and this may explain the greater potential of NDVI to estimate sunflower yield variability during the early season than later. Most of the pixels in the images at mid-May were a mixture of vegetation and bare soil, distinguishing areas of high development with less bare soil (therefore, pixels with high NDVI values) and areas of poor development with high soil background effects (pixels with lower NDVI values). At mid-June, the strong effect of bare soil had disappeared and the factors that influenced the spectral response were more difficult to identify and relate to the sunflower yield. Having pixels composed of a mixture of vegetation and bare soil may be the key factor in establishing a relationship between reflectance information and sunflower yield. Zarco-Tejada et al. (2005) obtained the best relationships in early cotton growth stages using structural indices, such as NDVI, and concluded that these are better indicators of yield variability during early stages. Similar results were reported by Yang et al. (2001) for yield estimation of cotton, grain sorghum and corn crops. Their results indicated that imagery acquired around maximum vegetative development or during early productive development would best describe yield variability. At mid-June, mean values between the sunflower yield intervals and blue and green bands and NDYI were also significantly different, although the correlation was lower than at mid-May.
Field elevation compared to yield Field elevation had a negative correlation coefficient (-0.12) with sunflower yield (Table 2) . Yield was significantly (p B 0.01) higher at low elevation (115-125 m), where the average yield was 1.29 t ha -1 , but it was not affected for medium (126-136 m) and high (137-147 m) field elevation, where average yields were 0.98 t ha -1 in both cases. Higher yield occurred significantly at low elevation most likely due to higher soil humidity in these areas over time, which was a positive factor related to the increase of sunflower productivity (Botella-Miralles et al. 1997) . Other investigations reported a reduction in corn and soybean yields at the highest elevation in the studied field, principally due to the limited water supply in those areas (Kravchenko and Bullock 2002; Miao et al. 2006 ). According to the multi-spectral data, the highest correlation of field elevation was with NDVI at mid-July (r = -0.39), indicating that higher field elevation generally corresponds to lower NDVI values at senescent sunflower stage.
Principal components analysis and regression models
The eigenvectors, eigenvalues and proportion of variability explained from the PCA of the multi-spectral variables for the three crop development stages are shown in Table 3 . The number of variables could be reduced to two principal components (PC) at mid-May and mid-June and to three PC at mid-July, explaining 85.1, 93.2, and 98.9% of variability for mid-May, mid-June and mid-July, respectively. At mid-May, the visible bands (0.452 for the blue, 0.486 for the green and 0.518 for the red) and the NDVI (-0.436) were the dominant variables in the first principal component (PC1) (56.8% of variability), whereas the NIR band (0.684) and the NDVI (0.421) dominated in the second principal component (PC2) (28.3% of variability), denoting the high influence of NDVI in the model and similar to the results obtained in the correlation analysis. These coefficients are an indicator of relative importance of each variable to the considered PC. The higher the coefficient (in absolute value), the greater effect has the spectral variable on the model. At mid-June, visible bands (0.553 for blue, 0.574 for green and 0.584 for red) had a similar influence on the PC1 (67.1% of variability), higher than NDYI (0.154), although this index (0.942) was Table 4 . The selected models were calculated at the vegetative crop stage (mid-May). For this date, NDYI and NDVI were the significant variables derived from the SR model, which was the best-fitted to yield with an R 2 value of 0.536. The OLSR model (of the NDVI) and the PCR model explained 39.7% and 48.9% of the yield variability, respectively. These results indicate that NDVI is the variable that is most strongly related to yield, as was also demonstrated by ANOVA and PCA. On the other dates, all models yielded a very poor relationship to crop yield, explaining from 2.0 to 8.5% of the yield variability at mid-June and from 1.2 to 5.7% at mid-July. For the three studied dates, the models based on several significant variables (from the SR) explained a greater amount of yield variability than the models developed using principal components, and both models were better than the OLSR models. Additionally, the three models consistently indicated that NDVI, NDYI and the red bands were the variables more highly related to yield in the vegetative, flowering and senescence stages, respectively. 
Yield estimation
The SR equation calculated at mid-May in field 1 was then used to estimate the yield map of field 2 (Fig. 3) . The confusion matrix between the estimated yield map and the observed yield map (considered as the ground-truth map) for six yield zones is indicated in Table 5 . The overall accuracy, producer's accuracy and user's accuracy for the classification were 44.71, 45.58 and 45.70%, respectively. The overall accuracy is the percentage of pixels correctly classified for all the zones considered, the producer's accuracy indicates the proportion of ground-truth pixels of each zone that was assigned to the same zone of the estimated map, and the user's accuracy indicates the proportion of pixels classified to each zone that belonged to the same zone in the ground-truth map. The classification errors were mostly between contiguous zones, and they were negligible between extreme zones. The highest yield zone was moderately confused with its next three lower yield zones, and the lowest yield zone was over-classified as either low or medium yield zones. The highest producer's and user's accuracies were 52.87 and 53.95% for the very-high-yield zone and the lowest ones were both 37.01% for the low-yield zone. Maps of four, three and two yield zones had overall accuracies of 49.30, 67.81 and 65.55%, respectively (Table 6 ). The highest overall accuracy corresponded to using three yield zones, although the producer and user's accuracy were both 66.31% in the maps with two zones, which was higher than using three zones. These accuracies were similar to the results obtained in cotton crops by Yang et al. (2001) and Zarco-Tejada et al. (2005) . When the number of zones decreased, the classification accuracies considerably increased. The relative improvements in overall accuracy comparing the classification of six-zone to four, three and two zones were 10.3, 51.7 and 46.6%, respectively.
The delineation of management zones in the context of precision agriculture is achieved by sub-dividing a field into homogeneous spatially geo-referenced areas. The number and size of every site are dependent on the variability of yield map and other geo-physical or agronomic data (Rogers et al. 2007 ). Several investigations have delineated three or four management zones with satisfactory results on irrigated maize (Zea mays L.) (Khosla et al. 2007 , Schepers et al. 2004 , cotton (Ortiz et al. 2007) , and wheat (Triticum aestium L.) (Roudier et al. 2007 ). Our results revealed the potential of remote sensing to estimate three different zones with low, medium and high sunflower yield with an acceptable accuracy and the partial influence of field elevation and weed presence on the yield variability. These results may be helpful for site-specific management of the sunflower crop by dividing the fields into three zones according to relative influence of each component. Estimated yield maps could be useful for in-season identification of problematic or stressed areas for further site-specific treatments. For instance, R. segetum is not controlled by preemergence and pre-plant incorporated herbicides used in sunflower; consequently, postemergence strategies are frequently needed. In contrast, R. segetum not only reduces sunflower yield productivity but also obstructs the very expensive harvester equipped with yield monitor, due to the weed still having a partially green stem during the sunflower harvesting.
Conclusions
Ridolfia segetum weed infestation reduced the total sunflower yield in the studied fields, and the high-yielded zones were predominantly free of infestation. Sunflower yield was significantly higher in low elevation areas, but was not significantly different in areas of medium and high elevation. NDVI collected at mid-May, early in the season of sunflower growth, demonstrated an acceptable positive correlation with sunflower yield variability.
Stepwise-regression models of multi-spectral data could be a useful tool for developing a method to estimate sunflower yield variability at an early stage and could be utilized to generate a map, based on three yield zones, with acceptable accuracy prior to the harvest. The estimated yield map may be improved with other spatial information (weed-infestation, land elevation or soil properties maps) and be helpful for developing adequate strategies to manage the sunflower fields site-specifically and in the context of precision agriculture. 
